In this paper a "virtually controlled observer" (VCO) is proposed to estimate simultaneously the influent substrate concentration and unmeasured state variables in continuous anaerobic digestion processes. The hypothetical (unmeasured) influent substrate concentration is updated by a feedback control, which is regulated by the estimation error of a measured output.
INTRODUCTION
During the last decade, we have observed a resurgence of interest in the development and implementation of robust model based control design strategies in anaerobic digestion (AD) processes. However, the successful application of such control techniques may appear to be limited by the need of reliable information about some model parameters, and state and input variables. To overcome these difficulties some estimation approaches have included in their design a more flexible handling of uncertainties by using interval bounds on the feed load disturbances and parameters, but have had limited success since only intervals of estimates can be obtained. (Alcaraz-Gonzá lez & Gonzá lez-Á lvarez, 2007) . Other research works have been focused on the simultaneous estimation of unmeasured state variables and inputs for nonlinear systems. For instance, Corless & Tu (1998) considered the state and input estimation for a class of uncertain systems, which consist of a nominally linear part and an uncertain nonlinear time-varying part that can be regarded as a state-dependent time-varying input. Although, these estimators do not require the differentiation of the measured output, the exact asymptotic estimation cannot be achieved. Thereafter, Boutayeb et al. (2002) addressed the problem by assuming the nonlinear function to be Lipschitz with respect to the state and the input and Ha & Trinh (2004) considered a more general class of multiple-input multiple-output nonlinear systems which were treated as a combination of a Lipschitz nonlinear function with respect to the state and input, and a state-dependent unknown function including additive disturbance as well as uncertain/nonlinear/time-varying terms. These authors found, that under some conditions, exact asymptotic convergence of the estimate can be achieved. More recently, Li & Du (2007) have proposed an observer for nonlinear system with both input and output unknown disturbances which consists in decoupling the disturbances from the rest of the system through a series of transformations on both the state and output equations. Then, an observer for the disturbance free part is proposed and designed and, subsequently, used for the estimation of the unknown input and output doi: 10.2166/wst.2009.354 disturbances. Concerning specifically to AD processes, Theilliol et al. (2003) developed a simultaneous input-andstate concentrations observer. However, in order to be implemented the full knowledge of the process kinetics is required. Recently, Aceves-Lara et al. (2007) estimated simultaneously the states and the input concentrations of an acidogenic process used for biohydrogen production. In this paper, we propose an innovative way to estimate simultaneously the influent substrate concentration and unmeasured state variables in continuous AD processes in the face of process kinetic uncertainties. The proposed approach consists in a kind of observer-based estimator, named here "virtually controlled observer" (VCO) because one of the observer's inputs (the hypothetical -unmeasuredinfluent substrate concentration) is updated by a feedback control which is regulating the estimation error of a measured output. To face the kinetic process uncertainties a classical asymptotic observer (CAO) is used as the design basis because it does not require the knowledge of the process kinetics. Then, based on this observer, a tunable multivariable nonlinear robust observer (TMO) is designed and used to reduce the estimation convergence time, while maintaining the excellent robustness and stability properties of the CAO. This paper is organized as follows. First, the design procedure to build the VCO is presented for a simple continuous bioprocess. After, the strategy is applied to an AD process by using a previously validated AD model. Finally, simulation results are presented and discussed.
CONTROLLED OBSERVER DESIGN A simple bioprocess model
Let us consider a single bioreaction, where a species of microorganisms (X) consumes a substrate (S) and produces only one product (P). This bioreaction can be described by:
where m (h 21 ) represents the specific growth rate for biomass whose knowledge is not required for the VCO design, but for the purpose of this paper, it assumed to be described by a Monod type function (see Equation (1)).
In this expression, s (mmol/L) represents the substrate concentration, m max (h 21 ) the maximum specific growth rate, and k s (mmol/L) the saturation constant associated to the substrate.
It is assumed that this process is carried out in a continuous stirred tank reactor and hence the mass balance for each component in the bioreactor produces the following dynamical system:
where, x (g/L) and p (mmol/L) are the concentrations of biomass and product respectively; s in represents the influent substrate concentration and D (h 21 ) is the dilution rate, which is defined as the ratio between the volumetric inlet flow rate and the digester volume. k 1 (mmol S/g X) and k 2 (mmol P/g X) are the yield coefficients associated to the substrate consumption and product synthesis, respectively.
In order to guarantee the convergence of the observer, it is assumed that the dilution rate is a persisting input, i.e. that there are two positive constants c 1 and c 2 such that, at any
This assumption means that D may be equal to zero, but only during short periods of time (Bastin & Dochain 1990 ).
Simultaneous estimation of unmeasured states and inputs
The structure of the proposed approach is shown in Figure 1 where we can see that the VCO (dotted line) is Consider for example that a CAO is used in order to estimatex andŝ. Then, by using the online measurements of p and D the observer is given by (Bastin & Dochain 1990 ; 
which effectively depend on s h in whose value will be updated by the feedback controller. Now, let us consider the Lyapunov function V ¼ e 2 o where e o ¼ŝ 2 s. Then, it is straightforward to show that the following control law:
with a tuning constant k c . 0, induces the stable dynamical (4) 
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Process model
Consider a continuous fixed bed anaerobic digester as study case. It is assumed that the bioreactor is packed with a material where a fraction of biomass is attached and it is agitated by a generous recirculation of the effluent which allows the reactor to be modeled as a continuous stirred tank reactor (Escudié et al. 2005) . Then, we use the dynamical model proposed and validated by Bernard et al.
(2001) which considers that an organic substrate characterized by its chemical oxygen demand (S 1 , COD) is degraded into volatile fatty acids (S 2 , VFA) by acidogenic microorganisms X 1 , and then the VFA are degraded into CH 4 and CO 2 by methanogenic microorganisms X 2 , as depicted in the following reactions:
The model is obtained from mass balances in the reactor and also incorporates electrochemical equilibrium as follows:
where X 1 , X 2 , S 1 (g/L); S 2 , Z and C (mmol/L) are the concentrations of acidogenic bacteria, methanogenic bacteria, COD, VFA, strong ions and total inorganic carbon (TIC), respectively. The subscript "in" indicates the influent concentration of each component. As in the former example, the dilution rate D is defined as the ratio between the volumetric inlet flow rate and the digester volume. The yield coefficients are k 1 , k 2 , k 3 , k 4 , k 5 , k 6 (see Table 1 ), while a (0 , a # 1) represents the free biomass fraction in the liquid phase. The variable q c (mmol/L-day) represents the CO 2 gas flow rate, k L a (day) 21 is the liquid-gas transfer coefficient,
Z is the dissolved CO 2 concentration, and K H (mmol/L-atm) is the Henry's constant. P C and P T (atm) are the CO 2 partial pressure and total pressure, respectively.
Although the specific grow rates, m 1 (S 1 ) and m 2 (S 2 ) are not needed for the VCO design, they may be described by Monod and Haldane-type functions, respectively (Dochain & Vanrolleghem 2001) . In the Haldane expression, m 2max represents the maximum bacterial growth rate, while k s2
and k i2 are the saturation and inhibition constants associated to the substrate S 2 , respectively.
Virtually controlled observer design
In order to simultaneously estimate the unmeasured states and the influent COD concentration, it is assumed that the online measurements of S 1 , S 2 , and C are available. The last two measurements, as well as the dilution rate D, and an hypothetical influent concentration of the COD, S h 1in , are fed to the observer to estimate the rest of the states, includingŜ 1 , while the measurements of S 1 are fed back to the controller through the observation error (e O ¼Ŝ 1 2 S 1 ) to manipulate and update S h 1in .
Tunable asymptotic observer design
In order to improve the observer convergence rate, a reduced order tunable multivariable asymptotic observer (TMO) is used for estimatingx 1 ¼X 1 ;X 2 ;Ŝ 1 ;Ẑ T from online measurements of S 2 and C. As its name indicates, this observer is provided with a tunable gain matrix
This gain matrix is computed by solving the ODE system
i ¼ 1; 2; … ; n are chosen by the user and allow tuning the convergence rate for each estimated state individually. wð0Þ ¼Ñð0Þxð0Þ ð 6bÞ
x 1 ¼ŵ1 þ u 1 ðk 5 S 2 þk3CÞ k2k 5 þk3k 4ŵ 2 2 u2ðk 4 S22k2CÞ k2k 5 þk3k 4ŵ 3 2 u3k 1 ðk 5 S 2 þk3CÞ
with FðtÞ¼ b ¼ D X 1in ;X 2in ;S h 1in ;S 2in ;C in þk 7 k 8 pCO 2 =D T wherefðxðtÞ;tÞ represents the best possible approximation of the badly known kinetic terms. In our case, it was assumed to befðxðtÞ;tÞ¼ m 1maxX1 m 2maxX2 h i T . Thus, as in the previous example, we obtain the control law by using the Lyapunov function V ¼ e 2 o with e o ¼Ŝ 1 2S 1 and by demanding the observation error dynamics to be _ e o ¼ 2k c e o . Therefore, we obtain the following control law which guarantees the observer stability and allow us to estimate and update S 1in :
RESULTS AND DISCUSSION
The performance of the VCO in the anaerobic digestion wastewater treatment process was tested in numerical simulations. VCO were performed for 35 days using operation conditions similar to those found in actual plants.
Variations on the dilution rate and the influent composition Table 1 . The observer design parameters used during the simulations were the following: k c ¼ 5, u i0 ¼ (2 2.33, 2 3.7, 1.03, 1) and g i ¼ (3, 3, 0.05, 1), which were chosen after a trial and error procedure. A methodology to decide upon the optimal choice of the observer gains is now in progress and will be reported in future work. The time derivatives were obtained by numerical differentiation. The initial conditions Xð0Þ ¼ ðX 10 ; X 20 ; S 10 ; Z 0 ; S 20 ; C 0 Þ were feasible values in typical anaerobic digesters. The following values were used for the digester and for the observer respectively: 5, 0.12, 8, 13, 10, 30) Notice that the estimation results for the strong ions concentration (Figure 8 ) are the same when using the CAO or the TMO. This is because the estimated state is independent of the tuning variable u 4 (t). Moreover, the use of a TMO did not improve significantly the convergence time for the estimation of the influent COD concentration.
In this case, the control law (7) depends only on u 3 (t) and its time derivative and as a consequence, the convergence time is almost the same to that using the CAO because g 3 was nearly zero. Nevertheless, the proposed VCO yielded a reasonable good influent COD concentration estimation in approximately 10 days with an error less than 5%. This performance was obtained even under the influence of abrupt changes in some of the operation conditions (such as the perturbations on D in days 5th, 20th, and 30th or on Z in and S 2in in day 25) (see Figure 9 ). Notice that by using this approach it is also possible to estimate the influent VFA concentration assuming S 1in to be known. This was also tested in this work with similar excellent results.
Finally, if we compare the convergence time for the influent COD concentration obtained with the VCO and that achieved by Theilliol et al. (2003) , one can see that both of them converge almost at the same times; however, VCO results are achieved in the face of uncertainties in the reaction kinetics and the approach used by Theilliol requires full knowledge of all parameters. Moreover, the use of the tuning asymptotic observer as the design basis for the VCO adds additional robustness to the approach against uncertainties in the process kinetics allowing to reproduce the behavior of the process dynamics in few days with the adjustment of only few parameters.
CONCLUSIONS
In this work, an approach for estimating simultaneously the unmeasured state variables and the influent COD concentration in an anaerobic digester has been proposed. This approach is named "virtually controlled observer" (VCO) because one of the observer inputs (the -unmeasuredinfluent substrate concentration) is updated by a feedback control actuating upon the estimation error of a measured output. The VCO was tested in an AD model whose results
showed that it was possible to estimate the influent COD concentration in 10 days with an error around 5% even in spite of highly kinetic uncertainties. The extension of this approach to estimate both substrate concentrations and unmeasured states simultaneously is now under study, and it will be reported as well as its experimental implementation in future works. 
